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We�gpresent�gGRAI3,�ga�gdevice-agnostic�gweb�gapplication �gfor�ggeneralizable�gprediction �gof�gsoil�gparticle �gsize�g
distribution �gfrom �gstandardized�gsmartphone�gimages.�gGRAI3�gcouples�ga�gstreamlined�gacquisition �gprotocol �gusing�g
a�gphoto-box�gwith �ga�gdeep�glearning�gpipeline �gbased�gon�gEfficientNetV2-S,�gtrained �gon�gan�gexpanded,�gdiverse�gdataset.�g
The�gmethod�gmodels�gthe�gcumulative �gparticle �gsize�gdistribution �gwith �ga�gtwo-parameter�gWeibull �gfunction, �ginferring �g
its�gscale�gand�gshape�gdirectly �gfrom �gan�gimage.�gTo�gachieve�gdevice-agnostic�gperformance,�gGRAI3�gautomatically �greads�g
camera�gEXIF�gmetadata,�gretrieves�gper-device�gpixel�gdensity�gfrom �ga�gcalibration �gtable�gor�gestimates�gpixel�gdensity�g
when�gthe�gdevice�gis�gunknown �gbased�gon�gthe�gtypical �gangle�gof�gview. �gImages�gare�gnormalized�gto�ga�gtarget�gpixel�g
density�gand�gcentre-cropped�gto�ga�gfixed�gresolution �gbefore�ginference,�greducing�gcovariate�gshift �gacross�gcameras.�g
A�glightweight �gverification �gmodel�gchecks�gwhether�gthe�guploaded�gimage�gdepicts�gsoil�gand�gadheres�gto�gphoto-box�g
capture�grequirements.�gThe�gweb�gapplication �gperforms�greal-time�ginference�gand�gprovides�ga�gone-click�gPDF�greport, �g
embedding�gthe�goriginal �gphoto,�gPSD�gcurve�gand�gcomputed�gparameters.�gMonte�gCarlo�gdropout �gwas�gimplemented�g
to�gprovide�ga�gmeasure�gof�gconfidence�gin�gthe�gmodel's�gpredictions.�gComparison�gwith �ga�gSAM-refined,�gU-Net-based�g
segmentation�gpipeline �gshows�gthat�gGRAI3�gremains�grobust�gwith �gfine�gtextures.�gValidation �gon�gan�gexpanded�gdataset�g
and�gcross-device�gscenarios�gindicates�gimproved �ggeneralizability �grelative �gto�gprior �gversions,�gattributable �gto�gthe�g
upgraded�gbackbone�gand�ggroup�gcross-validation.�gGRAI3�gthus�goffers�ga�gpractical, �greproducible �gworkflow �gfor�g
soil�ggranulometry �gestimation�gusing�gcommodity �gsmartphones,�gsupporting�grapid�gscreening,�gdocumentation�gand�g
reporting �gin�ggeotechnical�gand�genvironmental �gapplications.

1.�gIntroduction

Soil�gparticle �gsize�gdistribution �g(PSD)�gunderpins�gmany�ggeotechnical�g
decisions�gbecause�git �ggoverns�gpore�garchitecture �gand�gpacking,�gwhich �gin�g
turn �gcontrol �gstrength�gand�gflow. �gWell-graded�gsoils�gtypically �gachieve�g
higher�gdensity�gand�ginterlocking, �gleading�gto�glarger�gfriction �gangle�gthan�g
uniformly �ggraded�gcounterparts.�gHydraulic �gconductivity �gis�gclosely�glinked �g
to�gPSD�gpercentiles�g(e.g.,�gHazen's�gapproximation �gk × D2

10�gfor �gclean�g
sands�gHazen,�g1911)�gand�gfines�gcontent,�gwhich �gcan�gconstrict�gpore�gvoids�g
and�greduce�gpermeability. �gFilter �gdesign�grelies�gon�gPSD-based�gcriteria �g
to�gprevent�gpiping �gwhile �gensuring�gdrainage,�gfor �gexample�gD15;filter f
4D85;base�gfor �gretention �gand�gD15;filter g 4D15;base�gfor �gpermeability �g(Head,�g
2006).�gPSD�galso�gshapes�gcompaction�gbehaviour:�gwell-graded�gsoils�gtend�gto�g
attain �ghigher�gmaximum �gdry �gunit �gweights�gas�gsmaller�gparticles�gfill �gvoids�g
between�glarger�gones,�gwhile �gexcess�gfines�graise�goptimal �gwater�gcontent�gand�g
can�ghinder �ggranular�grearrangement�g(Daddow�gand�gWarrington ,�g1983;�g
Goldsmith�get�gal.,�g2001;�gLambe,�g1958).
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Conventional�gsieve�gand�ghydrometer �gtests�gare�gcumbersome�gand�gslow.�g
Turnaround �gtimes�gare�goften�ghours�gto�gdays�gonce�gyou�gfactor�gin�gdry-
ing,�gsplitting, �gwashing,�gsieving�gand�ghydrometer �gruns�gwith �gtemperature�g
corrections.�gThey�grequire�gdedicated�gequipment�g(nested�gsieve�gstacks,�g
shaker,�ghydrometers,�gcylinders), �gconsumables�g(dispersants,�gwash�gwa-
ter) �gand�gtrained �gtechnicians�gto�gmanage�gsample�gpreparation �g(defloc-
culation, �gdispersion,�gremoval�gof�gorganics)�gand�ginterpret �gcorrections.�g
Alternative �gapproaches,�gsuch�gas�gthe�gCamsizer�g(Microtac ,�g2025),�guse�gdy-
namic�gimage�ganalysis,�glaser�gdiffraction �g(Mastersizer�gMalvern �gPanaytical,�g
2025),�gsensor-based�gfree-fall �gsorting�g(colour, �gNIR,�glaser�gand�gelectro-
magnetics�gTOMRA,�g2025)�gor�gimage�gsegmentation�g(Wipfrag �gWipWare,�g
2026).

Recently,�gcomputer�gvision�ghas�gemerged�gas�ga�gpractical �groute�gto�g
obtain �gPSD�gfrom �gsoil�gimages.�gApproaches�gspan�gphotos�gof�gborehole�gsam-
ples�g(Granitzer�get�gal.,�g2025),�glab�gsamplers�gand�gbench-top�gsetups�g(Boulos�g
et�gal.,�g2025)�gand�gsoils�garranged�gin�gtrays�g(St-Cyr�get�gal.,�g2025b).�gSome�g
scholars�ghave�galso�gattempted�gto�gclassify�gthe�ggranulometry �gof�griver �g
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Fig.�g1.�gPhoto-boxes�gused�gfor�gstandardized�gimage�gacquisition.

Table �g1
Summary�gof�gdata�gsources�gand�gcontributors �gto�gthe�gtraining �gdataset.

�gSeries Contributor Soil�gprovenance�gand�gtype �g
�gGRAI1 BOKU�gUniversity Mainly �gVienna�garea,�gNepal�g
�gGRAI2 HPC German�gsoils �g
�gGRAI3 BOKU Poorly�ggraded�gsoils �g
�gGRAI3 HPC German�gsoils �g
�gGRAI3 Tauchmann West�gAustrian�gsoils �g

beds�gfrom �gphotographic �gimages,�gextending�gthese�gmethods�gto�gfluvial �g
environments�g(Buscombe,�g2020;�gLang�get�gal.,�g2021).�gSome�gworkflows �g
also�gincorporate �gcorrections�gfor �gconfounding�gfactors�gsuch�gas�gwater�g
content�g(Boulos�get�gal.,�g2025),�gimproving �grobustness�gacross�greal-world �g
conditions. �gImportantly, �gseveral�gdatasets�gwere�greleased�gto�gencourage�g
benchmarking�g(Soranzo,�g2025a;�gSt-Cyr�get�gal.,�g2025a).

In�gprevious�gstudies,�gwe�gdeveloped�gconvolutional �gneural�gnetworks�gfor �g
image-based�gPSD�gestimation.�gThe�gfirst �gstudy,�gGRAI1�g(Soranzo�get�gal.,�g
2025),�gdemonstrated�gthat �gthe�gfull �gPSD�gcurve�gcan�gbe�gpredicted�gfrom �g
close-range�gsoil�gimages�gby�gregressing�ga�gtwo-parameter�gWeibull �gfunction �g
via�ga�gMobileNet �g(Howard�get�gal.,�g2017)�gbackbone.�gGRAI2,�ga�gsubsequent�g
version�gof�gthe�gCNN�g(Soranzo,�g2025c),�gtargeted�gbroader�gdeployment�gand�g
robustness�gby�gincorporating �gnew�gdata�ginto �gtraining, �gapplying �gadditional �g
data�gaugmentation�g(hue�gand�gsaturation�gadjustments)�gto�gbetter�gspan�g
illumination �gand�gcolour�gvariability �gand�gadopting�g5-fold �gcross-validation�g
to�gstabilize�gestimates�gacross�gsubsets.

Generalizability �gemerged�gas�gthe�gcentral�gchallenge�gin�gthe�gprevi-
ous�giterations. �gA�gsensitivity �ganalysis�g(Huepe-Marinovic,�g2025)�grevealed�g
that �gthe�gmodel�gunderperformed�gon�gvery�gsteep�gPSDs.�gCompounding�g
this,�gminimally �galtered�greplicates�gof�gthe�gsame�gsoil�gleaked�ginto �gthe�gtest�g
set,�gobscuring�gtrue�gout-of-sample�gerror. �gAugmentation �gwas�gperformed�g
across�gonly �gthe�gtraining �gand�gnot�gthe�gtest�gsplit, �gbut�git �gwas�galso�gap-
plied �gprior �gto�gthe�gvalidation �gsplit, �gcreating�gdistributional �goverlap.�gThe�g
web�gapplications�g(Soranzo,�g2024,�g2025b)�gsupported�gonly �gpre-calibrated�g
smartphones,�goffering �gno�gpath�gfor �gunknown �gdevices.�gFinally, �gpictures�gof�g
non-soils�gwere�gaccepted�gwithout �gwarning.

To�gaddress�gthese�gchallenges,�gwe�gexpanded�gthe�gtraining �gset�gto�gin-
clude�gpoorly �ggraded�gsoils.�gWe�geliminated �gleakage�gby�gadopting�ggroup�g
cross-validation.�gWe�gadapted�gthe�gaugmentation�gprotocol �gby�gapplying �g
transformations�gonly �gafter�gthe�gtrain/validation �gsplit. �gRecognizing�gper-
sistent�gunderperformance�gwith �gMobileNet, �gwe�gupgraded�gthe�gbackbone�g
to�gEfficientNetV2-S�g(Tan�gand�gLe,�g2021).�gWe�gexpanded�gthe�groster�gof�g
supported�gsmartphones�gand�gintroduced �ga�gdevice-agnostic�gpath�gfor �gun-
known �gcameras:�gthe�gweb�gapplication �greads�gEXIF�gmetadata�gand,�gif �gthe�g
camera�gis�gunknown, �gestimates�gpixel �gdensity�gfrom �goptical �gparameters�g
(e.g.,�gfocal�glength�gand�gangle�gof�gview). �gTo�gprevent�gnon-soil�gimages�gfrom �g
passing�gsilently, �gwe�gtrained �ga�glightweight �gclassification�gCNN�gto�ggate�g
uploads�gbefore�gPSD�ginference.

GRAI3�gsubstantially �gimproves�ggeneralizability �grelative �gto�gprior �gver-
sions.�gAcross�gunseen�ggroups,�gwe�gachieved�gR2 = 0:963�gand�gR2 = 0:880
for �gthe�gpredicted�gWeibull �gparameters,�gwith �gmean�gabsolute�gpercentage�g
errors�gof�g23.2%�gand�g18.6%,�grespectively.�gThese�gresults�greflect�grobust�g
performance�gunder�gharsher,�gleakage-resistant�gevaluation.

Table �g2
Smartphones�gand�gtablets�gused�gto�gtrain �gthe�gmodel�gand�gadditional �gdevices�gthat�g
are�gautomatically �grecognized�gfor�ginference.

�gDevices�gused�gfor�gtraining Resolution PPM AOV�g
�g (px) (◦) �g
�giPad�gPro 4032�g• �g3024 15.0 65.4 �g
�giPhone�g14 4032�g• �g3024 13.9 69.1 �g
�giPhone�g16 5712�g• �g4284 19.5 69.7 �g
�gMotorola �gEdge 4000�g• �g1800 11.5 79.3 �g
�gSamsung�gGalaxy�gA32 4000�g• �g2250 12.9 72.8 �g
�gSamsung�gGalaxy�gA32 8000�g• �g6000 25.8 72.8 �g
�gSamsung�gA52 9248�g• �g6936 26.3 79.8 �g
�gAdditional �gdevices�gfor�ginference Resolution PPM AOV�g
�g (px) (◦) �g
�gHuawei�gp9�gLite�g2017 3968�g• �g2976 13.7 69.0 �g
�giPhone�g14�gPro 4032�g• �g3024 12.3 76.0 �g
�giPhone�g15�gPro 4032�g• �g3024 12.8 73.8 �g
�giPhone�g16�gPro 3024�g• �g4032 12.6 74.5 �g
�gMotorola �gEdge�g60�gfusion 2304�g• �g4096 12.5 76.1 �g
�gMotorola �gG7+ 4608�g• �g3456 18.3 61.9 �g
�gMotorola �gG30 4624�g• �g3472 17.6 64.1 �g
�gSamsung�gA52 9248�g• �g6936 26.3 79.8 �g
�gSamsung�gGalaxy�gS23 4000�g• �g3000 12.5 74.7 �g
�gSamsung�gGalaxy�gS24 4000�g• �g3000 12.2 75.8 �g
�gVivo�gX60 4000�g• �g3000 15.4 63.3 �g
�gXiaomi�g15 3072�g• �g4096 12.5 75.8 �g
�gXiaomi�gA2 4000�g• �g3000 15.7 62.5 �g

2.�gMaterials �gand �gmethods

2.1.�gData�gacquisition

Images�gwere�gcaptured�gwith �gsmartphone�gcameras�ginside�ga�gphoto-box,�g
originally �gwith �gthe�gmodel�gshown�gin�gFig.�g�g1(a).�gSoil�gsamples�gwere�gho-
mogenized�gin�ga�gcement�gmixer, �goven-dried�gand�gthen�gdry-pluviated �ginto �g
the�gphoto-box�gtray. �gBecause�gthe�gbox�gdimensions�gare�gpublicly �gavailable�g
(Fig.�g�g2),�gcollaborators�gindependently �gbuilt �gcompatible�gboxes�g(Fig.�g�g1(b))�g
and�gcontributed �gdata�gfrom �gvarious�ggeotechnical�gprojects.�gThe�gexpanded�g
dataset�gfor �gGRAI3�gincorporates�gsamples�gfrom �gBOKU�gUniversity, �gas�gwell �g
as�gcontributions �gfrom �gindustrial �gpartners�g(Table�g�g1).�gThese�gsamples�g
cover�ga�gbroad�ggeographic�gand�gcompositional �grange,�gincluding �gsoils�gfrom �g
Austria,�gGermany�gand�gNepal.�gThis�gmulti-source�gacquisition, �gusing�grepli-
cated�gbut�gindependently �gconstructed�gsetups,�genhances�gthe�gdiversity �gof�g
imaging�gconditions�gand�gimproves�gthe�gmodel's�ggeneralizability. �gPhotos�g
were�gtaken�gthrough �ga�g45•45 mm�gaperture�gat�ga�gfixed�gstand-off�gof�g210�gmm�g
from �gthe�gsoil�gsurface.�gThe�gdevices�gused�gare�glisted�gin�gTable�g�g2.

Because�gcameras�gdiffer �gin�gangle�gof�gview �g(AOV),�gdifferent �gsmart-
phones�ghave�gdifferent �gpixel �gdensities�g(pixels�gper�gmillimetre, �gPPM).�gThe�g
pixel �gdensity�gis�gdefined�gwith �gthe�gfollowing �gexpression:�g

PPM =
w
b

(1)

where�gw�gis�gthe�gwidth �gof�gthe�gimage�gin�gpixels�gand�gb�gis�gthe�gwidth �gof�gthe�g
photographed�garea�gin�gmm.�gThe�gAOV�gis�gdefined�gaccording�gto�gFig.�g�g3�gand�g
can�gthus�gbe�gobtained�gwith �gthe�gexpression�g

tan.
AOV

2
/ =

b
2h

(2)

Hence,�gthe�gpixel �gdensity�gis�galso�gequal�gto�g

PPM =
w

2h tan.AOV
2

/
(3)

For�gunsupported�gphones,�ga�gfirst-order �gcalibration �gcan�gbe�gobtained�gby�g
assuming�gAOV ù 70◦�ggiven�gthe�gfixed�gh = 210 mm�gimaging�gdistance.�g
This�g70◦�ghas�gbeen�gobtained�gby�grounding �gthe�gaverage�gangle�gcalculated�g
from �gTable�g�g2.�gHence,�gwe�gcan�gobtain �gb�gfrom �gEq.�g(2)�gand�gthe�gPPM�gfrom �g
Eq.�g(1)�gbecomes:�g

PPM =
w

2 ⋅ 210⋅ tan 35◦
=

w
294:087

(4)
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Fig.�g2.�gDimensions�gof�gthe�gphoto-box�g(Soranzo,�g2026).

Fig.�g3.�gDefinition �gof�gthe�gangle�gof�gview.

The�gpixel �gdensity�gof�gsupported�gphones�g(Table�g�g2)�gwas�gpreviously �gcali-
brated;�gbased�gon�gthis�gdensity,�gimages�gare�gresized�gto�ga�gtarget�gof�g4.6�gPPM.�g
Images�gare�gcentre-cropped�ginto �g400�g• �g400�gpx�gsquares.

To�greduce�gbias�gand�gspatial�gcorrelation, �gmultiple �gimages�gof�geach�gsoil�g
were�gacquired�gwhile �greshaping�gthe�gsurface�gbetween�gshots�gusing�gsimple�g
tools.�gIn�gtotal, �g321�gimages�gwere�gcollected�gfrom �g58�gdistinct �gsoil�gsamples.�g
Representative�gimages�gof�gthe�gsoil�gsamples�gare�gdisplayed�gin�gFig.�g�g4.�gThe�g
soil�gsamples�gexhibit �gaverage�gclay,�gsilt, �gsand�gand�ggravel�gcontents�gof�g3.1%,�g
11.7%,�g47.7%�gand�g36.4%,�grespectively.�gThe�gmeasured�gparticle �gsize�g
distribution �gcurves�gfor �gall �gsamples�gare�gshown�gin�gFig.�g�g5,�ghighlighting �gthe�g
contributions �gfrom �gdifferent �ggenerations�gof�gthe�gdataset�g(GRAI1,�gGRAI2�g
and�gthe�gnew�gdata�gin�gGRAI3).

PSD�gcurves�gwere�gobtained�gby�gsieving�gfor �gcoarse�gfractions�gand�gby�gthe�g
hydrometer �gsedimentation�gmethod�gfor �gfine�gfractions.�gThe�gcoefficients�g

Fig.�g4.�gRepresentative�goriginal �gsmartphone�gimages�gof�gsoil�gsamples�gfrom �gdif-
ferent�gdata�gsources.

of�guniformity �gand�gcurvature�gvaried�gbetween�gCU Ë [1:7;275:0]�gand�gCC Ë
[0:5;5:9],�grepresenting�ga�gwide�grange�gof�gsoil�ggradations�gfrom �gpoorly �gto�g
well-graded�gmaterials.

The�gPSDs�gwere�gfitted �gwith �gthe�gtwo-parameter�gWeibull �gdistribution: �g

F .d f di / = 1 * e*. di _b/c (5)

where�gd�gis�gthe�gparticle �gdiameter,�gdi �gis�ga�gspecific�gdiameter�gthreshold�gand�g
b�gand�gc�gare�gfitting �gparameters�grepresenting�gthe�gscale�gand�gshape�gof�gthe�g
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Fig.�g5.�gMeasured�gPSD�gcurves�gfor�gthe�g58�gsoil�gsamples�gused�gin�gthe�gstudy,�g
encompassing�ga�gwide�grange�gof�ggradations�gand�ghighlighting �gthe�goriginal �gand�g
newly �gadded�gdata.

Table �g3
Evaluation�gof�gfallback�gPPM�gestimation�gfor�gunseen�gdevices.

�gEvaluated�gdevices PPMemp AOVemp PPMfallback APE �g
�giPhone�g13 5.796 67.380 5.804 0.1%�g
�giPhone�g17 19.543 67.380 19.423 0.6%�g
�gRedmi�gNote�g11�gPro�g5G 12.919 65.470 13.601 5.3%�g

distribution, �grespectively.�gAs�gexplained�gin�gSoranzo�get�gal.�g(2025),�gb�gand�g
c�gare�grelated�gto�ga�gcharacteristic�gparticle �gsize�gand�gto�gthe�gcoefficient �gof�g
uniformity: �g

d50 = 0:691_c ⋅ b (6)

CU = 8:701_c (7)

Since�gthe�gparameters�gwere�gcomprised�gin�gthe�granges�gb Ë [0:030;39:561]
and�gc Ë [0:392;3:284],�gthe�gfirst �gterm�gin�gEq.�g(6)�gvaries�gbetween�g0.388�gand�g
0.893�gand�gthus�gthe�gmean�gdiameter�gis�gmainly �gdetermined�gby�gb�grather�g
than�gby�gthe�gcurvature.�gFor�gthe�gsame�greason,�gsince�gb�gshows�ggreater�g
variability �gthan�gc,�gthe�gnatural �glogarithm �gof�gb�gis�gused�gas�gthe�goutput �g
variable�gto�gstabilize�gthe�gvariance�gduring �gmodel�gtraining. �gIn�gdoing�gso,�g
the�grange�gof�gln.b/�gbecomes�g[*3 :508;3:678].

2.1.1.�gEvaluation�gof�gfallback�gPPM�gestimation�gfor�gunseen�gdevices
When�ga�gcamera�gmodel�gis�gnot�gpresent�gin�gthe�gcalibration �gtable,�gour�g

system�guses�ga�gdevice-agnostic�gfallback �gbased�gon�ga�gtypical �gAOV�gto�g
estimate�gPPM.�gTo�gassess�gthis�gfallback �gunder�grealistic �guser�gconditions, �g
we�gheld�gout�gthree�gsmartphone�gmodels�gfrom �gthe�gcalibration �gdataset�g
and�gcollected�gtest�gmeasurements�gusing�gthe�gsame�gimaging�gbox�gused�gin�g
deployment.

For�geach�gheld-out�gdevice,�gwe�gmeasured�gthe�gpixel �glength�gw�gof�ga�g
known �gphysical�glength�gb.�gWe�gthen�gmeasured�gthe�gline �glength�gin�gpixels;�g
we�gconverted�gthis�gmeasurement�gto�gan�gempirical �gPPM�gvalue�gas�g

PPMemp =
w
b

(8)

We�gcompare�gPPMemp�gto�gthe�gfallback �gPPM�gestimate�g(PPMfallback).�gTable�g
3�greports�gper-device�gabsolute�gpercentage�gerror �g

APE =
|PPMemp * PPM fallback|

PPMemp
(9)

Across�gthe�gthree�gheld-out�gsmartphones,�gthe�gmaximum �gfallback �gAPE�gis�g
about�g5%,�gdemonstrating�gthat �gthe�gtypical �gAOV�gfallback �gyields�grobust�g
normalization �gin�gpractice.

Fig.�g6.�gPair-plot �gand�gkernel�gdensity�gestimation�g(KDE)�gof�gthe�gWeibull �gparame-
ters�gillustrating �gthe�gtrain�test �gsplit �gand�gregions�gof�gsparse�gtraining �gcoverage.

Fig.�g7.�gExample�gimage�gtransformations�gto�gaugment�gthe�gdata.�g(a)�gOriginal �g
image;�g(b)�ghorizontal �gflip; �g(c)�gvertical �gflip; �g(d)�g90◦�grotation; �g(e)�gbrightness�gin-
crease;�g(f) �gbrightness�gdecrease;�g(g)�gsaturation�gincrease;�g(h) �gsaturation�gdecrease.

2.2.�gData�gsplitting�gand�gaugmentation

We�gpartitioned �gthe�gdataset�ginto �ga�gtraining �gset�g(90%)�gand�ga�gheld-
out�gtest�gset�g(10%).�gThe�gsplit �gshown�gin�gFig.�g�g6�greveals�gthat �gportions�gof�g
the�gtest�gdistribution �glie�gin�gregions�gof�glabel�gspace�gwith �gsparse�gtraining �g
coverage,�gparticularly �gnear�g.3; 3/.�gThis�gshift �gimplies�gthat �gthe�gmodel�g
must�gextrapolate�gbeyond�gthe�gdensest�gtraining �gregions,�gproviding �ga�gmore�g
realistic �gassessment�gof�ggeneralization�gcapability.

To�gimprove �grobustness,�gaugmentation�gstrategies�gthat �gpreserve�gse-
mantic�gcontent�gare�gapplied�gduring �gtraining �g(Fig.�g�g7).�gThese�ginclude�g
horizontal �gand�gvertical �gflips, �g90◦�grotations �gand�gbrightness/saturation �g
adjustments�g(both �gincrease�gand�gdecrease).�gDuring �gtraining, �ga�gdetermin-
istic�gstaged�gduplication �gpipeline �gis�gapplied�gon�gthe�gtraining �gfolds�gonly, �g
yielding �gmultiple �gvariants�gper�goriginal �gimage.�gValidation �gand�gtest�gsets�g
are�gnot�gaugmented�gto�gmaintain �grigorous�gevaluation �gstandards.�gAfter �g
augmentation,�gthe�gtraining �gset�gcomprised�g25,728�gimages.

2.3.�gModel�garchitecture�gand�gtraining

We�gpredict �gln.b/�gand�gc�gusing�gan�gEfficientNetV2-S�g(Tan�gand�gLe,�g2021)�g
backbone.�gEfficientNetV2-S�gis�ga�gcompact�gvariant �gof�gthe�gEfficientNetV2 �g
family �gthat �gblends�gMBConv�gand�gfused-MBConv�gblocks�gwith �gprogressive�g

Computers and Geotechnics 199 (2026) 108362 

�� 



E.�gSoranzo

Table �g4
Model�garchitecture: �gEfficientNetV2-S�g(Tan�gand�gLe,�g2021)�gwithout �gclassification�g
layer�gand�gstacked,�gtrainable �gneural�gnetwork.

�gEfficientNetV2-S

�gStage Operator Stride Channels Layers �g
�g0 Conv3�g• �g3 2 24 1 �g
�g1 Fused-MBConv1,�gk3�g• �g3 1 24 2 �g
�g2 Fused-MBConv4,�gk3�g• �g3 2 48 4 �g
�g3 Fused-MBConv4,�gk3�g• �g3 2 64 4 �g
�g4 MBConv4,�gk3�g• �g3,�gSE0.25 2 128 6 �g
�g5 MBConv6,�gk3�g• �g3,�gSE0.25 1 160 9 �g
�g6 MBConv6,�gk3�g• �g3,�gSE0.25 2 256 15 �g
�gStacked�gtrainable �gneural�gnetwork

�gStage Layer Neurons Activation Dropout�g
�g7 Dense 2048 Relu 0.1 �g
�g8 Dense 512 Relu 0.1 �g
�g9 Dense 256 Relu 0.1 �g
�g10 Dense 128 Relu 0.1 �g
�g11 Dense 2 Linear � �g

training �gto�gdeliver �gstrong�gaccuracy�gat�glow �gcomputational �gcost.�gThe�g
backbone�gwas�ginitialized �gwith �gImageNet�g(Deng�get�gal.,�g2009)�gpre-training �g
(transfer�glearning), �gits�gfinal �gclassification�glayer�gremoved�gand�ga�gfeed-
forward �gregression�ghead�gwith �garchitecture �g2048-512-256-128-2�gwas�g
stacked�gfor �gregression�g(Table�g�g4).

The�gfull �gmodel�gcontains�g24,168,418�gparameters,�gof�gwhich �g3,837,058�g
are�gtrainable. �gWe�goptimize �gthem�gby�gminimizing �gmean�gsquared�gerror �g
(MSE)�gwith �gthe�gAdam�goptimizer. �gEarly�gstopping�gand�gmodel�gcheck-
pointing �gare�gemployed�gto�gmitigate �gover-fitting. �gTraining �guses�ga�gmini-
batch�gsize�gof�g32.

To�gassess�grobustness,�gwe�gperform �g5-fold �gcross-validation�gwith �ggroup-
aware�gsplits�gto�gprevent�gleakage�gof�greplicate�gimages�gfrom �gthe�gsame�g
soil�gsample�gacross�gfolds.�gAfter �gtraining, �gwe�greport �gthe�gcoefficient �gof�g
determination �g(R2)�gand�gmean�gabsolute�gpercentage�gerror �g(MAPE)�gon�g
both�gthe�gtraining �gand�gtest�gsets.

2.4.�gUncertainty�gquantification�gvia�gMonte�gCarlo�gdropout

To�gprovide �ga�gmeasure�gof�gconfidence�gin�gthe�gmodel's�gpredictions,�gwe�g
implemented�gMonte�gCarlo�g(MC)�gDropout�g(Gal�gand�gGhahramani,�g2016)�g
as�ga�gform �gof�gapproximate�gBayesian�ginference.�gStandard�gneural�gnetworks�g
provide �gpoint �gestimates�gwithout �gquantifying �gthe�gunderlying �gepistemic�g
uncertainty. �gBy�gkeeping�gdropout �glayers�gactive�gduring �ginference�gand�g
performing �g50�gstochastic�gforward �gpasses�gfor �geach�gimage,�gwe�gobtain �ga�g
predictive �gdistribution �gfor �gthe�gWeibull �gparameters.

The�gpredictive �gmean�g„y�gis�gtaken�gas�gthe�gfinal �gprediction, �gwhile �gthe�g
predictive �gstandard�gdeviation �g� �gserves�gas�ga�gproxy�gfor �guncertainty. �gTo�g
ensure�gthe�greliability �gof�gthe�guncertainty �gestimates,�gwe�gperformed�ga�g
post-hoc�gcalibration �gto�gscale�gthe�graw�gstandard�gdeviations�gsuch�gthat �gthe�g
empirical �gcoverage�gmatches�gthe�gnominal �g95%�gconfidence�glevel�g(see�g
Table�g�g5).

2.5.�gComparison�gwith�gsegmentation

We�gcompare�gGRAI3�gwith �gsegmenteverygrain�g(Sylvester�get�gal.,�g2025),�g
a�gPython�gpackage�gthat �gdetects�ggrain-like �gobjects�gusing�ga�gpatch-based�gU-
Net�g(Ronneberger�get�gal.,�g2015)�gfirst �gpass�gto�ggenerate�gprompts�gfor �gthe�g
Segment�gAnything �gModel�g(SAM)�g2.1�g(Ravi�get�gal.,�g2024);�gmany�gof�gits�g
training �gimages�gcome�gfrom �gthe�gsedinet�gproject�g(Buscombe,�g2020).�gFor�g
evaluation, �gboth�gmethods�gare�grun�gon�gthe�gsame�ghold-out �gset.

Table �g5
Confidence�gintervals�g(95%�gCI)�gby�gsoil�gtype.

�gFig. Count b c �g
�g True CI�glow CI�ghigh True CI�glow CI�ghigh�g
�g10(a) 10 0.504 0.345 0.378 2.045 2.063 2.211 �g
�g10(b) 10 21.094 20.990 26.082 3.162 2.649 2.807 �g
�g10(c) 10 20.989 20.405 24.471 3.121 2.580 2.776 �g
�g10(d) 10 29.964 18.434 23.240 3.151 2.363 2.733 �g
�g10(e) 5 3.328 2.541 7.086 0.520 0.704 0.790 �g
�g10(f) 3 0.697 0.326 0.501 1.895 1.498 2.201 �g
�g10(g) 3 0.334 0.345 0.446 1.678 1.708 1.901 �g
�g10(h) 5 0.051 0.053 0.082 0.844 0.787 1.189 �g
�g10(i) 9 17.382 10.667 16.597 0.548 0.711 0.794 �g
�g10(j) 4 36.018 9.906 18.428 0.999 0.751 0.894 �g

3.�gResults

Training �gon�gan�gNVIDIA�gGeForce�gRTX�g3060�gGPU�grequired�gapproxi-
mately�g3.5�gh.�gThe�gbest�gcheckpoint�gwas�gevaluated�gon�gthe�gfull �gtraining �g
set�gand�gon�gan�gexternal�gheld-out�gtest�gset.�gFig.�g�g8�gshows�gpredicted�gversus�g
observed�gvalues�gfor �gboth�gWeibull �gparameters.�gDashed�gbands�gindicate �ga�g
,30~ �gtolerance.

For�gln.b/,�gtraining �gyielded�gR2 = 0:931�gand�gMAPE�g= 18:9~;�gtest�g
performance�gachieved�gR2 = 0:963�gand�gMAPE�g= 23:2~.�gFor�gc,�gtraining �g
yielded�gR2 = 0:918�gand�gMAPE�g= 12:58~;�gtest�gperformance�gachieved�g
R2 = 0:880�gand�gMAPE�g= 18:6~.

Overall,�gpredictions�gcluster�garound�gthe�gbisector�gline, �gindicating �ggood�g
agreement�gbetween�gpredicted�gand�gobserved�gvalues.�gResiduals�gare�glarger�g
in�gregions�gwith �gsparse�gtraining �gcoverage,�gas�gexpected�gfrom �gthe�gdistri-
bution �gshown�gin�gFig.�g�g6.�gThe�gslightly �gbetter�gtest�gperformance�gfor �gln.b/
compared�gto�gtraining �gsuggests�ggood�ggeneralization�gwithout �gover-fitting, �g
while �gthe�gperformance�gon�gc�gshows�gexpected�gdegradation�gon�gthe�gmore�g
challenging�gtest�gcases.�gFig.�g�g9�gdisplays�gthe�gcalibrated�guncertainty �ganaly-
sis�gfor �gboth�gln.b/�gand�gc�gon�gthe�gtest�gset.�gThe�gleft �gpanels�gshow�ga�gpositive�g
correlation �gbetween�gcalibrated�guncertainty �gand�gabsolute�gerror, �gconfirm-
ing�gthat �gthe�gmodel�gis�g̀̀error-aware''.�gThe�gright �gpanels�gvisualize�gthe�g95%�g
prediction �ginterval �g̀̀tunnel''�gsorted�gby�gground�gtruth �gvalues,�gdemonstrat-
ing�gthat �gthe�gtotality �gof�gtest�gsamples�gfall �gwithin �gthe�gpredicted�gbounds.�g
Fig.�g�g10�gshows�gthe�gresulting �gPSDs�gfor �gevery�gsoil�gof�gthe�gtest�gset.�gAlthough �g
the�gpredictions�gare�gnot�galways�gperfect,�gthe�gestimated�gpercentages�gof�gthe�g
various�gsoil�gfractions�gare�greasonably�gaccurate,�gdemonstrating�gthat �gthe�g
model�geffectively �gcaptures�gthe�gkey�gcharacteristics�gof�gthe�gsoil�gtypes�gin�g
the�gtest�gset.

3.1.�gRegression�gversus�gsegmentation

We�gcompared�gGRAI3�gwith �gsegmenteverygrain�gusing�gtwo �grepresenta-
tive �gsoils.�gFirst,�gfor �ga�gvery�gcoarse�gsample�g(Fig.�g�g10(d) ,�gd50 ù 25 mm)�gthe�g
segmentation�gproduced�gby�gsegmenteverygrain�gis�gshown�gin�gFig.�g�g11.�gThe�g
segmentation�gis�gexcellent:�gextracting �gmaximum �ggrain�gdiameters�gfrom �g
that �gsegmentation�gyields�gPSD�gcurves�g(Fig.�g�g12)�gthat �gagree�gclosely�gwith �g
the�gground�gtruth. �gIn�gthis�gcoarse�gcase�gsegmenteverygrain's�gresults�gare�g
highly �gconsistent�gacross�gimages�gand,�gin�gsome�ginstances,�geven�gmatch�gthe�g
ground�gtruth �gmore�gclosely�gthan�gGRAI3's�gpredictions.

The�gsituation �gchanges�gmarkedly �gfor �ga�gmuch�gfiner �gsample�g(Fig.�g�g10(e),�g
d50 ù 2 mm).�gAs�gillustrated �gin�gFig.�g�g13,�gmany�gsmall�ggrains�gare�gmissed.�gWe�g
attempted�gmanual�gtuning �g(for �gexample,�greducing�gpatch�gsize)�gto�gimprove �g
detection�gon�gthis�gimage,�gbut�gthese�gadjustments�gdid �gnot�gremedy�gthe�g
fundamental�gfailures:�gthe�gmethod�gstill �gmissed�gnumerous�ggrains.

3.2.�gWeb�gapplication

We�gdeveloped�ga�gStreamlit-based�gweb�gapplication �g(Snowflake�gInc.,�g
2026)�gto�gdeliver �gthe�gPSD�gestimation�gin�ga�guser-friendly �ginterface�g
(Fig.�g�g14).�gThe�gapplication �gis�ghosted�gas�gan�gopen-source�gSpace�gon�gthe�g
Hugging�gFace�gplatform �g(Hugging�gFace�gInc.,�g2026)�gat�gthe�gURL�ghttps://
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Fig.�g8.�gPrediction�gperformance�gof�gWeibull �gparameters�gln.b/�gand�gc�gfor�gthe�gtraining �gand�gtest�gsets.�gDashed�glines�gindicate�g,30~ �gtolerance�gbands�garound�gthe�gideal�g
prediction �g(solid�gline).

huggingface.co/spaces/soranz84/grai3 ,�gfacilitating �gwidespread�gaccess�g
for �ggeotechnical�gpractitioners. �gThe�gpipeline �gintegrates�gthe�glightweight �g
compliance�gclassifier�gto�gverify �gimage�gquality �gbefore�gPSD�ginference.

Upon�gimage�gupload,�gthe�gapplication �greads�gthe�gcamera�gEXIF�gmeta-
data�gand�gattempts�gto�gretrieve�gthe�gpixel �gdensity�g(PPM)�gfrom �ga�gspread-
sheet�gbased�gon�gTable�g�g2.�gIf �gthe�gdevice�gis�gunknown, �gPPM�gis�gestimated�g
based�gon�gAOV�g= �g70◦�gand�gpresented�gto�gthe�guser�gfor �gconfirmation. �gAll �g
images�gare�gnormalized�gto�gthe�gtarget�gpixel �gdensity�gand�gcentre-cropped�g
to�gthe�gstandard�ginput �gsize.

Before�gPSD�ginference,�ga�gbinary �gCNN�gclassifier�ggates�guploads.�gThe�g
positive�gclass�gcomprises�gcompliant �gphoto-box�gimages�gof�gsoil;�gthe�gneg-
ative�gclass�gcomprises�grandomly �gscraped�ginternet �gphotos�g(non-soil�gor�g
irrelevant �gcontent).�gImages�gwith �ga�glow �gsoil-compliance�gscore�gtrigger �g
a�gwarning �gand�gare�gblocked�gunless�gthe�guser�gexplicitly �goverrides�gthe�g
decision.

The�gregression�gmodel�gthen�gpredicts�gln.b/�gand�gc�gand�gthe�gcomplete�gPSD�g
curve�gis�gcomputed�gusing�gEq.�g(5)�gand�gvisualized�gwith �gstandard�ggeotech-
nical�gclass�gboundaries�g(clay,�gsilt, �gsand,�ggravel).�gDerived�gparameters�g
including �gD10,�gD50,�gD60,�gcoefficient �gof�guniformity �g(CU)�gand�gcoefficient �g

of�gcurvature�g(CC)�gare�gcalculated�gaccording�gto�gEq.�g(6)�gand�g

CC =
d2

30

d10 ⋅ d60
=
[

ln.0:7/2

ln.0:9/ ⋅ ln.0:4/

]1_c

= 1:1481_c (10)

and�gdisplayed.�gA�gone-page�gPDF�greport �gis�gautomatically �ggenerated�gand�g
offered�gfor �gdownload,�gembedding�gthe�goriginal �gphotograph,�gpredicted�g
PSD�gcurve,�gWeibull �gparameters�gand�gderived�ggeotechnical�gindices.�gConfi-
dence�gintervals �gfor �gb�gand�gc�gcan�gbe�gcalculated�gwith �gMonte�gCarlo�gdropout. �g
The�gworkflow �gof�gthe�gweb�gapplication �gis�gdepicted�gin�gFig.�g�g14.

3.2.1.�gAPI�gimplementation
To�genable�gprogrammatic �gaccess�gto�gthe�gGRAI3�gprediction �gpipeline, �g

we�galso�gdeployed�ga�gdedicated�gAPI�gSpace�gon�gHugging�gFace�gat�ghttps://
huggingface.co/spaces/soranz84/grai3API.�gThis�gDocker-based�g(Merkel,�g
2014)�gAPI�gservice�gprovides�gRESTful�gendpoints�gfor �greal-time �gsoil�gparticle �g
size�gdistribution �gprediction, �genabling�gintegration �ginto �gthird-party �gwork-
flows,�gbatch�gprocessing�gpipelines�gand�gcustom�gsoftware�gapplications.

The�gGRAI3API�gSpace�gis�gbuilt �gusing�ga�gDocker�gcontainer�ghosting�g
a�gPython-based�ginference�gserver.�gThe�gAPI�gfollows �gthe�gGradio�gpro-
gramming�ginterface�gparadigm�g(Abid �get�gal.,�g2019),�gwhich �gautomatically �g
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Fig.�g9.�gUncertainty �gquantification �gvia�gMC�gDropout�gfor�gthe�gWeibull �gparameters:�g(left) �gabsolute�gerror�gvs.�gcalibrated�guncertainty �gand�g(right) �g95%�gprediction �ginterval �g
coverage�gtunnel �gfor�g(a)�gln.b/�gand�g(b)�gc.

generates�ginteractive �gdocumentation�gand�gsupports�gboth�gsynchronous�g
and�gasynchronous�ginference�grequests.�gUpon�ginstantiation, �gthe�gSpace�g
loads�gthe�gEfficientNetV2-S�gregression�gmodel,�gthe�gcompliance�gclassifier�g
and�gthe�gcalibration �glookup �gtable�ginto �gmemory,�genabling�glow-latency �g
predictions�gwithout �gcold�gstart�gdelays.

The�gAPI�gexposes�ga�gsingle�gprimary �gendpoint �gthat �gaccepts�gimage�g
uploads�gvia�gHTTP�gPOST�grequests.�gInput �gimages�gare�gprocessed�gthrough �g
the�gsame�gpreprocessing�gpipeline �gas�gthe�gweb�gapplication. �gThe�gregression�g
model�gthen�gpredicts�gthe�gWeibull �gparameters�gln.b/�gand�gc,�gfrom �gwhich �gthe�g
full �gPSD�gcurve�gand�gderived�ggeotechnical�gindices�gare�gcomputed.

Clients�ginteract �gwith �gthe�gAPI�gby�gsending�gmultipart/form-data �gre-
quests�gcontaining �gthe�gimage�gfile. �gThe�gAPI�greturns�ga�gJSON�gresponse�gwith �g
the�gfollowing �gstructure:

• Weibull �gparameters�gb�gand�gc,
• characteristic�gdiameters�gand�gcurve�gshape�gcoefficients,
• soil�gfractions�gand
• image�gdimensions.�g
The�gAPI�gcan�gbe�ginvoked�gusing�gstandard�gHTTP�glibraries �gin�gany�g

programming �glanguage.�gExample�gusage�gin�gPython:

import�grequests

url�g=�g"https://soranz84-grai3api.hf.space/analyze"

with�gopen("soil_image.jpg",�g"rb")�gas�gf:
response�g=�grequests.post(

url,
files={"file":�g("image.jpg",�gf,�g"image/jpeg")}

)

print("Status:",�gresponse.status_code)
print("Response:",�gresponse.text)

Fig.�g�g15�gshows�gthe�gAPI�gimplementation �gin�gthe�gcommercial�gsoftware�g
GGU-CONNECT�g(GGU�gsoftware,�g2026).�gThe�gsoftware�glinks �ga�gsoil�gimage�g
to�ga�gspecific�gsegment�gof�ga�gcore�gsample�g(KDB)�gand�gutilizes �gthe�gGRAI3API�g
to�ganalyse�gthe�gimage,�greturning �gthe�gcorresponding�gsoil�gfractions.

4.�gDiscussion �gand �gconclusions

By�gexpanding�gtraining �gcoverage�gto�gpoorly �ggraded�gsoils,�genforcing�g
group-aware�gcross-validation�gand�gupgrading�gthe�gbackbone�gto
EfficientNetV2-S,�gGRAI3�gachieves�gstable�gcross-device�gperformance�gun-
der�gharsher�gevaluation �gconditions �gthan�gprevious�gversions.�gWe�gacknowl-
edge�gthat �gGRAI�grelies�gon�gglobal�gimage�gcues�g(colour, �gtexture,�goverall �g
appearance)�gthat �gare�ginfluenced�gby�gregional�gmineralogy �gand�gprove-
nance,�gso�gits�gperformance�gmay�gnot�gtransfer�greliably �gto�ggeologically �g
distinct �gsoils.�gThe�gdevice-agnostic�garchitecture �gwith �gautomatic �gcamera�g
detection�gand�gon-the-fly �gPPM�gestimation�genables�goperation�gacross�gvirtu-
ally �gany�gsmartphone,�gsignificantly �gbroadening�gthe�gpotential �guser�gbase�g
beyond�gpre-calibrated�gdevices.�gWe�gnote�gthat �gwhile �ga�gdevice-agnostic�g
AOV�gfallback �gyields�glow �gPPM�gerrors�gfor �gheld-out�gphones�g(maximum �gAPE�g
ù 5~ ),�gresidual�gdevice-dependent�gnormalization �gerrors�gcan�gstill �goccur�g
for �gtruly �gunseen�ghardware,�gso�glimited �gdevice�gdiversity �gin�gthe�gcalibration �g
set�gis�ga�gclear�glimitation �gand�gusers�gshould�gconsider�gper-device�gcalibration.

This�gwork �gassumes�gthe�gsoil�gsurface�gis�gapproximately �gflat �gwhen�g
applying �gphysical-scale�gnormalization; �gin�gpractice,�gcoarse�ggravels�gand�g
cobbles�gcan�gcreate�gsubstantial�gsurface�grelief �gso�gthe�gcamera-to-surface�g
distance�gvaries�gacross�gthe�gimage,�gproducing �gspatially �gvarying �gPPM�g
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Fig.�g10.�gResults�gon�geach�gsample�gof�gthe�gtest�gset.�gMultiple �gpictures�gof�geach�gsoil�gwere�gacquired�g(blue�glines)�gand�gtheir �gpredictions�gwere�gcompared�gto�gthe�gground�gtruth �g
(red�gline).

error. �gThis�geffect�gmay�gdegrade�gsize�gestimates�gfor �gthe�gcoarsest�gfrac-
tions�gand�gso�gis�ga�glimitation �gof�gour�gmethod.�gWe�gnote,�ghowever,�gthat �g
coarse-grained�gsoils�gwere�gincluded �gin�gtraining �gand�gthe�gmodel�gcan�gstill �g
produce�greasonable�gpredictions�gfor �gsamples�gwith �glarge�ggravel/cobble �g
content.�gThe�glightweight �gcompliance�gclassifier�geffectively �ggates�gnon-soil�g

or�gnon-compliant �gimages,�gpreventing�gspurious�gpredictions�gand�gimprov-
ing�guser�gconfidence�gin�gthe�gresults.�gWe�gdid �gnot�gperform �gan�gextensive�g
quantitative �gevaluation �gof�gclassifier�gaccuracy�gas�gthis�gwork �gfocuses�gon�g
the�gPSD�gregression�gmodel;�gnevertheless,�gusers�gshould�gbe�gaware�gthat �g
residual�gnon-compliant �ginputs�gcan�gdegrade�gdownstream�gpredictions.�g
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Fig.�g11.�gSegmented�ggrains�gobtained�gwith �gthe�gsegmenteverygrain�gmethod�gfor�g
the�gsoil�gwith �gd50 ù 25 mm.

Fig.�g12.�gComparison�gof�gthe�gpredictions�gobtained�gwith �gGRAI3�gand�gthe�gseg-
menteverygrain�gmethod�gfor�gthe�gsoil�gwith �gd50 ù 25 mm.

Fig.�g13.�gSegmented�ggrains�gobtained�gwith �gthe�gsegmenteverygrain�gmethod�gfor�g
the�gsoil�gwith �gd50 ù 2 mm.

We�gcompared�gGRAI3�gwith �ga�gSAM-refined,�gU-Net-based�gsegmentation�g
pipeline. �gFor�gcoarse�gmaterials�gsegmentation�gcan�gproduce�gvery�ghigh-
fidelity �gper-grain�gmasks�gand�gPSDs�gthat �gclosely�gmatch�gground�gtruth; �g
however,�gfor �gfiner �gtextures,�git �gmisses�gmany�ggrains,�gdegrading�gPSD�g
recovery�geven�gafter�gmanual�gparameter�gtuning. �gIn�gcontrast,�gGRAI3's�g
inference�gremains�grobust�gacross�gthis�gsize�grange.�gThe�gintegrated�gweb�g
application �gprovides�grapid �ginference�g(typically �gunder�g2�gs�gper�gimage)�gand�g
generates�gcomprehensive�gPDF�greports�gsuitable�gfor �gfield �gdocumentation�g
and�gregulatory �gsubmissions.�gThese�gimprovements�gadvance�gimage-based�g
PSD�gestimation�gfrom �gproof-of-concept�gto�ga�gdeployable�gtool �gsuitable�gfor �g

practical �ggeotechnical�gapplications�gincluding �gsite�ginvestigation, �gquality �g
control �gduring �gearthworks�gand�grapid �gscreening�gof�gborrow �gmaterials.

Performance�gremains�gsensitive�gin�gsparsely�grepresented�gregions�gof�g
label�gspace,�gparticularly �gfor �gvery�gsteep�gdistributions. �gRepresenting�gPSDs�g
by�gtwo �gWeibull �gparameters�genforces�ga�gunimodal, �gsmooth�gshape�gand�g
therefore�gcannot�gcapture�ggap-graded,�gsharply�gchanging,�gor�gstrongly�g
multimodal �gdistributions �gtypical �gof�gfluvial �gor�glacustrine�gbeds.�gThe�gcur-
rent�gworkflow �grelies�gon�ga�gstandardized�gphoto-box�gand�gprimarily �gdry, �g
controlled �gsamples;�gfactors�gcommon�gin�gfield �gsettings�moisture �gcan�g
degrade�gPSD�gestimates,�gso�gthe�gpresent�gsystem�gshould�gbe�gconsidered�ga�g
lab-assisted�gscreening�gtool �grather�gthan�ga�gfully �grobust�gfield �gsolution �guntil �g
further �gdata�gcollection �gand�galgorithmic �gadaptations�gare�gcompleted.

Future�gresearch�gdirections�ginclude�gexpanding�gthe�gdiversity �gof�gtested�g
soil�gtypes�gto�gimprove �grepresentativeness�gacross�gglobal�gtexture�gand�gcom-
position �granges,�gcollecting �gtraining �gdata�gacross�gvarying �gwater�gcontents�g
to�genable�grobust�gfield �gdeployment�gon�gas-sampled�gmaterials,�gincorpo-
rating �gcompositional �gor�gspectral�gfeatures�gto�gbetter�gcapture�ggap-graded�g
and�gbimodal �gPSDs,�grefining �gthe�gloss�gfunction �gto�gpenalize�gmisprediction �g
of�gthe�gfines�gfraction �gmore�gheavily �g(given�gits�gdisproportionate �gimpact�g
on�ghydraulic �gand�gmechanical�gbehaviour) �gand�gstudying�gsedimentation�g
effects�gand�goptimal �gheight�gof�gsoil�gin�gthe�gbox�gfor �gexpected�gmean�gparticle �g
size.

GRAI3�grepresents�ga�gsignificant �gadvancement�gin�gsmartphone-based�g
soil�gcharacterization, �gaddressing�gkey�glimitations �gof�gprevious�gversions�g
through �gimproved �gmodel�garchitecture, �grigorous�gvalidation �gand�gdevice-
agnostic�gdesign.

1. The�gsystem�gachieves�gstrong�gpredictive �gperformance�g(R2 > 0:88�gon�g
unseen�gtest�gdata)�gwhile �gmaintaining �gpractical �gusability �gthrough �g
automatic �gdevice�gcalibration �gand�gone-click�greporting.

2. The�gweb-based�gimplementation �glowers�gbarriers�gto�gadoption�gby�g
eliminating �gthe�gneed�gfor �gspecialized�gsoftware�ginstallation �gor�g
device�gpre-calibration.

3. Combined�gwith �gthe�gstandardized�gphoto-box�gprotocol, �gGRAI3�gof-
fers�ga�greproducible �gworkflow �gfor �grapid �gPSD�gestimation�gthat �gcom-
plements�gtraditional �glaboratory �gmethods,�gparticularly �gin�gscenar-
ios�grequiring �gquick�gturnaround, �gfield �gscreening�gor�gdocumentation�g
of�gspatial�gvariability.

4. While �gchallenges�gremain�gfor �gcertain�gsoil�gtypes�gand�gfield �gcondi-
tions,�gthe�gsystem�gdemonstrates�gsufficient �gaccuracy�gand�grobust-
ness�gfor �gmany�gpractical �ggeotechnical�gapplications.

5. Continued�gexpansion�gof�gthe�gtraining �gdataset�gand�grefinement�g
of�gthe�garchitecture �gwill �gfurther �genhance�ggeneralizability �gand�g
broaden�gthe�grange�gof�gapplicable�gscenarios.
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Fig.�g14.�gWorkflow �gof�gthe�gGRAI3�gweb�gapplication.
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Fig.�g15.�gAPI�gimplementation �gin�gGGU-CONNECT�g(GGU�gsoftware,�g2026)�gshowing�gthe�gresults�gobtained�gfrom �ga�gsoil�gpicture �gassociated�gwith �ga�gcore�gsample.�gThe�gresults�g
show�gthe�gvarious�gsoil�gfractions�g(from �gclay�gto�gboulders),�gthe�gcoefficients�gof�guniformity �gand�gcurvature.
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